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Course Outline
• Overview of Artificial Intelligence      
• State Space Representation 
• Search Techniques 
• AI in Adversarial Games 
• Machine Learning
• Propositional and Predicate Logic
• Probabilistic Reasoning
• Introduction to Robots
• Computer Vision
• Natural Language Processing
• Reinforcement Learning

• A detailed outline is available on the course wiki
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Machine Learning

• As a broad subfield of artificial intelligence, 
machine learning is concerned with the design 
and development of algorithms and 
techniques that allow computers to "learn". 

• A major focus of machine learning research is 
to automatically learn to recognize complex 
patterns and make intelligent decisions based 
on data.
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Popular Machine Learning Techniques

• Classification
– Classification Trees

– Naïve Bayes

– Neural Networks

• Clustering
– K-Means

– Associative Memory

– Support Vector Machine

– ART

• In this course, the focus is on the classification techniques
Artificial Intellignce Lab, IBA 5Spring 2011

Classification

• Given a collection of records (training set )
– Each record contains a set of attributes, one of the 

attributes is the class (categorical variable).

• Find a model for class attribute as a function of 
the values of other attributes (supervised 
learning).

• Goal: previously unseen records should be 
assigned a class as accurately as possible.
– A test set is used to determine the accuracy of the 

model. Usually, the given data set is divided into training 
and test sets, with training set used to build the model 
and test set used to validate it.
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Application of Classification

• E-mail Classification (Spam vs. Inbox)

• Intrusion Detection

• Credit Scoring
– Loan Defaulter

– Fraud Detection

• Biometric Identification
– Fingerprinting

– Handwriting

– Speech Recognition

• Search Engines
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An Example application

• A credit card company typically receives 
thousands of applications for new cards. The 
application contains information regarding 
several different attributes, such as annual 
salary, any outstanding debts, age etc. The 
problem is to categorize applications into 
those who have good credit, bad credit, or fall 
into a gray area (thus requiring further human 
analysis). 
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Another Application

• An emergency room in a hospital measures 17 
variables (e.g., blood pressure, age, etc) of newly 
admitted patients. A decision has to be taken 
whether to put the patient in an intensive-care unit. 
Due to the high cost of ICU, those patients who may 
survive less than a month are given higher priority. 
The problem is to predict high-risk patients and 
discriminate them from low-risk patients. 

Artificial Intellignce Lab, IBA 9Spring 2011

Classification Example

age income student credit_rating buys_computer

<=30 high no fair no

<=30 high no excellent no

31…40 high no fair yes

>40 medium no fair yes

>40 low yes fair yes

>40 low yes excellent no

31…40 low yes excellent yes

<=30 medium no fair no

<=30 low yes fair yes

>40 medium yes fair yes

<=30 medium yes excellent yes

31…40 medium no excellent yes

31…40 high yes fair yes

>40 medium no excellent no
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Classification Tree

age?

overcast

student? credit rating?

<=30 >40

N Y Y

Y

31..40

fairexcellentyesno
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Illustrating Classification Task

Apply 

Model

Induction

Deduction

Learn 

Model

Model

Tid Attrib1 Attrib2 Attrib3 Class 

1 Yes Large 125K No 

2 No Medium 100K No 

3 No Small 70K No 

4 Yes Medium 120K No 

5 No Large 95K Yes 

6 No Medium 60K No 

7 Yes Large 220K No 

8 No Small 85K Yes 

9 No Medium 75K No 

10 No Small 90K Yes 
10 

 

Tid Attrib1 Attrib2 Attrib3 Class 

11 No Small 55K ? 

12 Yes Medium 80K ? 

13 Yes Large 110K ? 

14 No Small 95K ? 

15 No Large 67K ? 
10 

 

Test Set

Learning

algorithm

Training Set
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Example of a Decision Tree

Tid Refund Marital
Status

Taxable
Income Cheat

1 Yes Single 125K No

2 No Married 100K No

3 No Single 70K No

4 Yes Married 120K No

5 No Divorced 95K Yes

6 No Married 60K No

7 Yes Divorced 220K No

8 No Single 85K Yes

9 No Married 75K No

10 No Single 90K Yes
10

Refund

MarSt

TaxInc

YESNO

NO

NO

Yes No

MarriedSingle, Divorced

< 80K > 80K

Splitting Attributes

Training Data Model:  Decision Tree
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Another Example of Decision Tree

Tid Refund Marital
Status

Taxable
Income Cheat

1 Yes Single 125K No

2 No Married 100K No

3 No Single 70K No

4 Yes Married 120K No

5 No Divorced 95K Yes

6 No Married 60K No

7 Yes Divorced 220K No

8 No Single 85K Yes

9 No Married 75K No

10 No Single 90K Yes
10

MarSt

Refund

TaxInc

YESNO

NO

NO

Yes No

Married
Single, 

Divorced

< 80K > 80K

There could be more than one tree that fits 
the same data!
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Decision Tree Classification Task

Apply 

Model

Induction

Deduction

Learn 

Model

Model

Tid Attrib1 Attrib2 Attrib3 Class 

1 Yes Large 125K No 

2 No Medium 100K No 

3 No Small 70K No 

4 Yes Medium 120K No 

5 No Large 95K Yes 

6 No Medium 60K No 

7 Yes Large 220K No 

8 No Small 85K Yes 

9 No Medium 75K No 

10 No Small 90K Yes 
10 

 

Tid Attrib1 Attrib2 Attrib3 Class 

11 No Small 55K ? 

12 Yes Medium 80K ? 

13 Yes Large 110K ? 

14 No Small 95K ? 

15 No Large 67K ? 
10 

 

Test Set

Tree

Induction

algorithm

Training Set

Decision 
Tree
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Apply Model to Test Data

Refund

MarSt

TaxInc

YESNO

NO

NO

Yes No

MarriedSingle, Divorced

< 80K > 80K

Refund Marital 
Status 

Taxable 
Income Cheat 

No Married 80K ? 
10 

 

Test Data
Start from the root of tree.
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Apply Model to Test Data

Refund

MarSt

TaxInc

YESNO

NO

NO

Yes No

MarriedSingle, Divorced

< 80K > 80K

Refund Marital 
Status 

Taxable 
Income Cheat 

No Married 80K ? 
10 

 

Test Data
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Apply Model to Test Data

Refund

MarSt

TaxInc

YESNO

NO

NO

Yes No

MarriedSingle, Divorced

< 80K > 80K

Refund Marital 
Status 

Taxable 
Income Cheat 

No Married 80K ? 
10 

 

Test Data
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Apply Model to Test Data

Refund

MarSt

TaxInc

YESNO

NO

NO

Yes No

MarriedSingle, Divorced

< 80K > 80K

Refund Marital 
Status 

Taxable 
Income Cheat 

No Married 80K ? 
10 

 

Test Data
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Apply Model to Test Data

Refund

MarSt

TaxInc

YESNO

NO

NO

Yes No

Married Single, Divorced

< 80K > 80K

Refund Marital 
Status 

Taxable 
Income Cheat 

No Married 80K ? 
10 

 

Test Data
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Apply Model to Test Data

Refund

MarSt

TaxInc

YESNO

NO

NO

Yes No

Married Single, Divorced

< 80K > 80K

Refund Marital 
Status 

Taxable 
Income Cheat 

No Married 80K ? 
10 

 

Test Data

Assign Cheat to “No”
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Decision Tree Classification Task

Apply 

Model

Induction

Deduction

Learn 

Model

Model

Tid Attrib1 Attrib2 Attrib3 Class 

1 Yes Large 125K No 

2 No Medium 100K No 

3 No Small 70K No 

4 Yes Medium 120K No 

5 No Large 95K Yes 

6 No Medium 60K No 

7 Yes Large 220K No 

8 No Small 85K Yes 

9 No Medium 75K No 

10 No Small 90K Yes 
10 

 

Tid Attrib1 Attrib2 Attrib3 Class 

11 No Small 55K ? 

12 Yes Medium 80K ? 

13 Yes Large 110K ? 

14 No Small 95K ? 

15 No Large 67K ? 
10 

 

Test Set

Tree

Induction

algorithm

Training Set

Decision 
Tree
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Tree Induction

• Greedy strategy.
– Split the records based on an attribute test that 

optimizes certain criterion.

• Issues
– Determine how to split the records

• How to specify the attribute test condition?

• How to determine the best split?

– Determine when to stop splitting
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How to Specify Test Condition?

• Depends on attribute types

– Nominal

– Ordinal

– Continuous

• Depends on number of ways to split

– 2-way split

– Multi-way split
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How to determine the Best Split

• Greedy approach: 

– Nodes with homogeneous class distribution are 
preferred

• Need a measure of node impurity:

C0: 5

C1: 5

C0: 9

C1: 1

Non-homogeneous,

High degree of impurity

Homogeneous,

Low degree of impurity
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Measures of Node Impurity

• Gini Index

• Entropy


j

tjptGINI 2)]|([1)(


j

tjptjptEntropy )|(log)|()(
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Measure of Impurity: GINI
• Gini Index for a given node t :

(NOTE: p( j | t) is the relative frequency of class j at node t).

– Maximum (1 - 1/nc) when records are equally distributed 
among all classes, implying least interesting information

– Minimum (0.0) when all records belong to one class, 
implying most interesting information


j

tjptGINI 2)]|([1)(

C1 0

C2 6

Gini=0.000

C1 2

C2 4

Gini=0.444

C1 3

C2 3

Gini=0.500

C1 1

C2 5

Gini=0.278
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Examples for computing GINI

C1 0 

C2 6 
 

 

C1 2 

C2 4 
 

 

C1 1 

C2 5 
 

 

P(C1) = 0/6 = 0     P(C2) = 6/6 = 1

Gini = 1 – P(C1)2 – P(C2)2 = 1 – 0 – 1 = 0 


j

tjptGINI 2)]|([1)(

P(C1) = 1/6          P(C2) = 5/6

Gini = 1 – (1/6)2 – (5/6)2 = 0.278

P(C1) = 2/6          P(C2) = 4/6

Gini = 1 – (2/6)2 – (4/6)2 = 0.444
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age income student credit_rating buys_computer

<=30 high no fair no

<=30 high no excellent no

31…40 high no fair yes

>40 medium no fair yes

>40 low yes fair yes

>40 low yes excellent no

31…40 low yes excellent yes

<=30 medium no fair no

<=30 low yes fair yes

>40 medium yes fair yes

<=30 medium yes excellent yes

31…40 medium no excellent yes

31…40 high yes fair yes

>40 medium no excellent no

Binary Attributes: Computing GINI Index

• Splits into two partitions

• Effect of Weighing partitions: 

– Larger and Purer Partitions are sought for.

Student?

Yes No

Node N1 Node N2

 
Buy 

Computer 

Yes 9 

No 5 

Gini = 0.46 

  N1 N2 

Yes 6 3 

No 1 4 

Gini=0.365 
 

 

Gini(N1) 
= 1 – (6/7)2 – (1/7)2

= 0.24 

Gini(N2) 
= 1 – (3/7)2 – (4/7)2

= 0.49

Gini(Student) 
= 7/14 * 0.24 + 

7/14 * 0.49
= ??
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GINI Index for Buy Computer Example

• Gini (Income):

• Gini (Credit_Rating):

• Gini (Age): 
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Measure of Impurity: Entropy

• Entropy at a given node t:

(NOTE: p( j | t) is the relative frequency of class j at node t).

– Measures homogeneity of a node. 

• Maximum (log nc) when records are equally distributed 
among all classes implying least information

• Minimum (0.0) when all records belong to one class, 
implying most information

– Entropy based computations are similar to the GINI index 
computations


j

tjptjptEntropy )|(log)|()(
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Entropy in a nut-shell

Low Entropy High Entropy
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Examples for computing Entropy

C1 0 

C2 6 
 

 

C1 2 

C2 4 
 

 

C1 1 

C2 5 
 

 

P(C1) = 0/6 = 0     P(C2) = 6/6 = 1

Entropy = – 0 log 0 – 1 log 1 = – 0 – 0 = 0 

P(C1) = 1/6          P(C2) = 5/6

Entropy = – (1/6) log2 (1/6) – (5/6) log2 (5/6) = 0.65

P(C1) = 2/6          P(C2) = 4/6

Entropy = – (2/6) log2 (2/6) – (4/6) log2 (4/6) = 0.92


j

tjptjptEntropy )|(log)|()(
2
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Inducing a decision tree

• There are many possible trees

• How to find the most compact one 

– that is consistent with the data?

• The key to building a decision tree - which 
attribute to choose in order to branch. 

• The heuristic is to choose the attribute with 
the minimum GINI/Entropy. 
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Algorithm for Decision Tree Induction

• Basic algorithm (a greedy algorithm)
– Tree is constructed in a top-down recursive manner

– At start, all the training examples are at the root

– Attributes are categorical

– Examples are partitioned recursively based on selected attributes

– Test attributes are selected on the basis of a heuristic or statistical 
measure (e.g., GINI/Entropy)

• Conditions for stopping partitioning
– All examples for a given node belong to the same class

– There are no remaining attributes for further partitioning – majority 
voting is employed for classifying the leaf

– There are no examples left
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Extracting Classification Rules from Trees

• Represent the knowledge in the form of IF-THEN rules

• One rule is created for each path from the root to a leaf

• Each attribute-value pair along a path forms a conjunction. 
The leaf node holds the class prediction

• Rules are easier for humans to understand

• Example

IF age = “<=30” AND student = “no”   THEN buys_computer = “no”

IF age = “<=30” AND student = “yes”  THEN buys_computer = “yes”

IF age = “31…40” THEN buys_computer = “yes”

IF age = “>40”   AND credit_rating = “excellent”   THEN buys_computer = “yes”

IF age = “<=30” AND credit_rating = “fair”  THEN buys_computer = “no”
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How to Estimated Classification Accuracy 
or Error Rates

• Partition: Training-and-testing

– use two independent data sets, e.g., training set (2/3), 

test set(1/3)

– used for data set with large number of exmples

• Cross-validation

– divide the data set into k subsamples

– use k-1 subsamples as training data and one sub-sample 

as test data—k-fold cross-validation

– for data set with moderate size
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Decision Tree Based Classification

• Advantages:

– Inexpensive to construct

– Extremely fast at classifying unknown records

– Easy to interpret for small-sized trees

– Accuracy is comparable to other classification 
techniques for many simple data sets
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Weka Demo

• http://www.cs.waikato.ac.nz/ml/weka/index_downloading.html
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Classification: Application 1
• Direct Marketing

– Goal: Reduce cost of mailing by targeting a set of 
consumers likely to buy a new cell-phone product.

– Approach:
• Use the data for a similar product introduced before. 

• We know which customers decided to buy and which decided 
otherwise. This {buy, don’t buy} decision forms the class attribute.

• Collect various demographic, lifestyle, and company-interaction 
related information about all such customers.

– Type of business, where they stay, how much they earn, etc.

• Use this information as input attributes to learn a classifier model.

From [Berry & Linoff] Data Mining Techniques, 1997
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Classification: Application 2
• Fraud Detection

– Goal: Predict fraudulent cases in credit card transactions.

– Approach:
• Use credit card transactions and the information on its account-

holder as attributes.
– When does a customer buy, what does he buy, how often he pays on 

time, etc

• Label past transactions as fraud or fair transactions. This forms the 
class attribute.

• Learn a model for the class of the transactions.

• Use this model to detect fraud by observing credit card 
transactions on an account.
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Classification: Application 3

• Customer Attrition/Churn:

– Goal: To predict whether a customer is likely to be 
lost to a competitor.

– Approach:

• Use detailed record of transactions with each of the 
past and present customers, to find attributes.
– How often the customer calls, where he calls, what time-of-

the day he calls most, his financial status, marital status, etc. 

• Label the customers as loyal or disloyal.

• Find a model for loyalty.

From [Berry & Linoff] Data Mining Techniques, 1997
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